ABSTRACT Squat exercise is frequently used in physiotherapy rehabilitation for stroke patients. In the early stage of rehabilitation, patients are urged to avoid performing any deep squat as the strains on tendon and ligament are much higher compared to the half-squat exercise. Therefore, it is important for patients to be aware of their squat depth. One of the ways to measure squat depth is by using a wearable device which adds unnecessary weight to the patients and makes them feel uncomfortable. Thus, we propose a single camera system that captures video from the frontal view to measure the squat angle continuously according to the number of frames per second. The system will provide knee angle measurements for every frame taken based on a combined approach of deep learning tracking and deep belief networks regressor. The proposed system requires just a bounding box input of the whole test subject taken at an upright position, which will later be the input to a convolutional neural networks-based tracker. Both the head and upper body parts of the exerciser will be tracked independently. The resultant tracked points will be normalized with the test subject height to find the ratio of height to the corresponding points. The ratio features are then will be the input to multiple deep belief networks' regressors to predict the knee angle. The mean of ratio features will be used to segregate the input frame into its respective regressor. The experimental results show that the system produces the lowest mean error angle of 8.64 • based on the setup of five regressors with each of them consists of five hidden layers. Hence, it is suitable to be implemented in a squat angle monitoring system to notify the patients of their squat angle depth.
I. INTRODUCTION
A squat exercise is done by bending one's knees until his heels touch his buttock. The degree of knees bending angle will determine the squat type, which is generally classified into mini squat (140 • -150 • ), semi-squat (120 • -140 • ), halfsquat (80 • -110 • ) and deep squat (<80 • ) [1] . It is performed mainly to strengthen lower body parts that include thigh, hip and buttock. It is normally performed barehanded, which is called bodyweight squat or it can be done with the help of weights and barbells. According to Figure 1 , there are four important angles that determine the effectiveness and suitability of a squat exercise, which are ankle, knee, hip and trunk angles. Squat exercise has frequently been used in the rehabilitation of reconstructed anterior cruciate ligament knee patients [2] . It is also a recommended physiotherapy exercise for stroke patients [3] . For rehabilitation purpose, strain load on patient's muscle must be carefully observed because an increase of knee angle from 30 • to 60 • will increase the strain force on quadriceps from 0.53 N to 1.91 N [4] . Hence, it is important for a rehabilitation patient to perform the squat exercise as per instructed by the physiotherapist to avoid any injury. Apart from rehabilitation purpose, squat exercise can also be used to early diagnose a child with cerebral palsy problem [5] .
Knee angle is an important parameter in deciding the type of squat exercise. It is a joint angle between thigh and calf that predominantly determine the squat depth. While knee flexion is the other way round of knee angle (knee flexion = 180 • -knee angle) [6] . The normal range of knee angle is also the widest among all the angles, starting from 180 • while standing upright and it can go down to 30 • for a deep squat [7] . For physical rehabilitation purpose, a patient is usually advised to perform half squat rather than deep squat [1] . Even, some health professionals have suggested that squat depth limit needs to be observed to reduce the potential force on knee laxity [8] . Squat exercise type will be easier to monitor if a squat angle assessment can be developed to observe the knee angle of the patient while doing the squat. The system can act as a reminder to the patient to stop going down further to reduce the stress force on quadriceps and hamstrings. Hence, our main contribution is the introduction of wearable-free approach to continuously assess the knee angles while performing the squat exercise. The system utilizes input features from deep learning-based trackers, which will be fitted to multiple deep belief regressors to assess the knee angle.
This paper proposes a non-intrusive squat angle assessment system based on a single RGB camera taken from the frontal view. The system aims to give continuous knee angle measurements when the subject performs the squat exercise. The camera is placed around 3 meters from the test subject on a tripod at 1-meter height. The only initialization parameter needed is the test subject bounding box, given that the regressors have been trained first. The camera then captures the exercise with a frame rate of 25 frames per second and the algorithm will return the knee angle of the test subject for every frame. The basis of this squat angle assessment is deep learning tracker [9] that tracks body part movements to produce features which will be fed to regression functions to assess the knee angle. No foreground information such as in [10] is extracted. The system is designed to be suitable for patient of various heights (153 cm -177 cm) and weights (45 Kg -89 Kg) that include both male and female. The scope of this paper is limited to assessing knee angle for adult only. The reason is due to iliac height assumption used to extract the upper body parts is suitable for adult only.
Kids will have variable iliac ratio height until they reach stable adult proportion of 0.63 [11] . This paper is organized into five sections. Section II describes related works on the importance of squat exercise in physiotherapy and the technologies used to monitor the exercise. Section III provides in-depth descriptions of the system where its performance is discussed in section IV. Section V concludes the paper with some future suggestions to further improve the accuracy of knee angle measurement.
II. LITERATURE REVIEW
Squat exercise is one of the most common full body training to strengthen core muscles such as quadriceps, hips, hamstrings and thighs, which is performed by flexing the knees, hip, and ankle joints [12] . It is also used to improve postural balance and body endurance, especially the lower body parts and trunk because this exercise involves almost every muscle in the human body [13] . Basically, a standard squat exercise is done by standing up straight with feet apart and raising hands to body sides. Then, a person is required to bend the legs until his thighs are parallel to the ground while keeping the heels also on the ground before straightening the legs back. This bending action will determine the squat depth, in which it can be determined through knee angle measurement.
In recent years, squat exercise has frequently become one of the physical rehabilitation regimes [14] where it is also served as one of the functional movement tests [15] , in which a patient is required to perform the exercise while being observed and assessed by the clinician. Usually, patients with lung [16] , knee [17] , or hip injuries [18] are advised to perform the squat exercise as one of the rehabilitation regimes. Basically, squat exercise is performed by lung patients before and after they undergone lung transplantation [19] . American Thoracic Society [20] stated that this rehabilitation regime is important and recommended as a care component for patients' disease management before and after the lung transplantation. This exercise is conceded to be able to improve health-related quality and exercise tolerance for the patients. Squat exercise is also endorsed for chronic obstructive pulmonary disease (COPD) patients [21] . In 2015, COPD becomes a great contributor to mortality with more than three million deaths [22] and it still remains as the major health problem in developing and developed countries [23] . Basically, a patient is required to bend the knee angle between 90 • and 120 • during the exercise depending on the patient's capability under physiotherapist supervision. Squat exercise is expected to improve peripheral skeletal muscle [20] , prolong survival rate [24] , and reduce fatigue [25] .
Besides that, squat exercise is also one of the rehabilitation regimes for knee injury cases [26] like osteoarthritis [27] - [29] , anterior cruciate ligament (ACL) [30] , [31] , and patellofemoral pain [32] , [33] . A statistic shows that more than 120,000 ACL injuries occur annually especially among young athletes which require rehabilitation treatment right after the reconstruction surgeries with an average cost of more than two billion dollars yearly just in the United States [34] . Paterno [35] mentioned that the chances of re-injury increase up to five times even though the patients have undergone initial surgery. Other than that, Deshpande et al. [36] pointed out that almost 14 million individuals in 2007-2008 are suffering from knee osteoarthritis. In addition, more than 757, 000 knee replacement surgeries were done in 2011 in the United States [26] and 59,980 knee replacement cases in Australia for 2016 [37] . Thus, physical exercise therapies specifically squat exercise is considered as an effective physiotherapy treatment for knees injury.
Similarly, squat exercise is also recommended for hip injury rehabilitation such as hip osteoarthritis [38] and hip arthroscopy [39] with the intention to improve strength, prolong standing tolerance, sit-to-stand ability and to decrease the pain. Usually, patients with these injuries may complain pain in thighs, knees and buttock that feel line sharp and stabbing pain [40] . Some of the symptoms are difficulty in ascending stairs and hip stiffness in the morning. Moss et al. [41] mentioned that there is an increase in mortality for the elderly women with hip osteoarthritis which can reduce their ability to perform daily activities if physiotherapy treatment is not carried out. Meanwhile, Rolfson et al. [42] also stated that an approximate of $5,700 per person is needed to cover annual treatment cost that can lead to big financial burden.
Currently, medical smartphone applications have become a growing trend in mobile technologies. It has been used in many surgeries that include orthopedic surgery [43] . It has also been used to determine knee flexion angle for squat analysis with the help of gyroscopes. Vercelli et al. [44] have developed a mobile application namely DrGoniometer, an image-based goniometry to measure the joint angle using a smartphone. The measurement is obtained by aligning a virtual goniometer on the patient's body just solely based on input from the smartphone camera. It has enabled the clinicians to choose the desired joint angle such as knee flexion or extension angle while doing treatment. This application is also able to analyze body posture by assessing the body's alignment. In [45] , the authors have developed their own Knee Goniometer mobile application for iPhone user that can measure the knee flexion angle. It has been tested on five healthy participants, evaluated by two experienced evaluators. The knee flexion angles for each test subject were taken twice at three different angles for both right and left legs. They concluded that their mobile application built for iPhone users is reliable to measure the knee flexion angle compared to the current standard assessment methods.
In [46] , Jenny has used six smartphones by placing them on the subject's thigh and distal tibia proximal to measure flexion angle during skin incision. The knee flexion angles were measured at the position of 30 • , 60 • , 90 • , 110 • , full leg extension and maximal flexion angle. The measurement process was repeated for two times, one each by the operating surgeon and his assistant to obtain accurate knee flexion angle measurement. The results show that smartphone measurement provides higher accuracy compared to conventional measurements. An extension of the previous study, Jenny et al. [47] later utilized the combination of inclinometer and camera technology to measure the knee flexion angle. They used Goniometer Pro and DrGoniometer mobile applications on an iPhone to measure the knee flexion angle at various knee angles. The results also prove that the camera-based measurement provides more accurate and precise knee flexion angles, which is significantly superior to the inclinometer measurement.
In [48] , Castle et al. also utilized the DrGoniometer application to measure knee angle and compared it with the universal goniometer, in which they found out that the application has more robust metric properties. The images of the knees in full flexion and full extension were taken by the application installed on an iPhone 5 smartphone to measure the knee angles. The measurements were repeated for four times and were evaluated by physiotherapist and orthopedic with clinical experiences between five to twenty years so that accurate knee angles can be verified. They concluded that knee angle measurements by the mobile application managed to achieve high reliability, which can provide a lowcost and feasible alternative to manual procedures. Hence, it directly reduces the financial burden for a patient in getting good medical treatment. Hambly et al. [49] utilized the iGoniometer application on iPhone smartphone to measure the knee flexion angles and compared it with a standard method, long arm goniometer (LAG) by placing the device on the tibial tuberosity taken at full knee extension. They claimed that accelerometer within the iPhone is robust to pressure and temperature changes with better sensitivity. The application measures the knee angle flexion using trigonometric equation, calculated based on the ratio of femoral and tibial segment length at 1:2. They found out that both methods, iGoniometer and LAG exhibit good reliability even though both approaches are totally different.
III. SQUAT ANGLE ASSESSMENT SYSTEM A. EXPERIMENTAL SETUP AND DATABASE
The proposed system is divided into two phases; training and testing. During training phase, deep belief network regressors are trained offline to predict a knee angle given the output features from tracking algorithm. Two cameras setup are used to capture the frontal view and side view of the patient as shown in Figure 2 . The test subject is positioned around 3 meters ([2.6 m, 3.3 m]) from the frontal camera location, which is mounted on a tripod at the ground height of 78 cm. We would like to point out the frontal view camera is the only input for the proposed system during testing phase while the side camera is only used for ground truth generation during training phase. The side view camera is also mounted on a tripod at the same height to the frontal view camera. Both cameras are set up with a similar frame rate of 25 frames per second. Consequently, this system will return at most 25 knee angle measurements per second. During testing phase, the trained regressors will only take input from the frontal camera and no side view image is needed. Samples of the frontal and side views of a test subject performing squat exercise are shown in Figure 3 .
A set of 22 videos comprised of different test subject have been collected taken with Nikon D3200 24.2 MP. The height of the test subjects ranging from 155 cm to 178 cm, while the weight range is [45 kg, 89 kg]. The test subjects have various body mass index (BMI) [50] ranging from as low as 20.9 to as high as 33.5. Different BMI will affect the test subject differently during squat exercise. A test subject with higher BMI will usually have difficulty in performing a deep squat properly. All test subject performed a range of 4 to 8 cycles of squat that alternates between half and full squat. Initially, the trunk angle is set to be 90 • , but realistically it is hard for certain test subjects to perform the squat as required. Hence, we measure the maximum degree of the trunk angle for each test subject and found out the range is [58 • , 90 • ].
B. ALGORITHM OVERVIEW
The system is divided into two main parts; tracking and regression. Figure 4 shows the full algorithm flow for the squat angle assessment system. Tracking part will provide the features needed for the squat angle prediction, which will be fed to deep belief networks regressors. The knee angle will be assessed continuously based on input from the frontal camera. During initialization phase, the only user input required is a bounding box (B 0 ∈ R 4 ) at the time, t = 0 of the test subject, which needs to be captured in an upright standing position. For squat angle prediction, tracking a full body of the test subject is not suitable because of the frequent appearance changes in the lower body parts. Hence, two parts of the human body which are not much affected during squat exercise are tracked, which are the upper body parts and the head. A bounding box for the upper body parts, B U 0 is defined as the region from the topmost part of the head until the hip line that corresponds to the iliac height [11] . While, the head bounding box, B H 0 is the region starting from the top of the head until the lowest part of the human chin. However, we enlarge this box size a little bit to make sure that the tracker can fully encapsulate the head region as shown in Equation 2. Bounding boxes of the both body parts will be derived from B 0 = [x 0 , x 0 , w 0 , h 0 ] according to general human body proportions in [51] . Let (x 0 , y 0 ) be the top left coordinate of the initialization bounding box, while w 0 and h 0 are its width and height, respectively. 
C. TRACKING
The goal of tracking subsection is to produce a set of input features, which will be passed to the regressors so that the knee angle can be estimated. The features will be based on height ratios of the tracked body parts. A ratio approach is employed because it offers normalized input features that do not depend on the test subject's height. We would like to highlight that this tracker is trained online specific to a particular test subject during the initialization phase. On the other hand, deep belief networks regressor is trained offline so that it is suitable for general test subjects. Two bounding boxes, B U and B H are tracked and updated throughout the exercise session. Modified TCNN [52] is used to track both B U and B H independently, hence two trackers will be run in parallel. The same original initialization steps as in [52] are followed with an exception of fixed size assumption for all the bounding boxes. This assumption is made because of the minimal changes in the size of head and upper body parts throughout the exercise. During initialization phase, the appearances of are created by translating the bounding box according to the Gaussian distribution but subjected to minimum intersection over union (iou) of τ +ve between the samples and B U /H . For a positive sample, s i,+ve ∈ S +ve , its iou i,+ve is measured as
B∩s i,−ve B∪s i,−ve
. While for negative samples, the same sampling approach is used but the iou must be at most to be less than τ −ve .
where
A network of three convolutional neural networks (CNN) and three fully connected layers (FC) as shown in Figure 6 is used to train the body part's appearance as a binary classifier. The set of positive samples, S +ve will be trained as the foreground while the set of negative samples, S −ve will be trained as the background. The CNN layers FIGURE 6. Network architecture used to track B U and B H . The number at the end of each operation represents its corresponding layer. The last operation, Softmax function will produce two output classes, which is trained by using one hot encoded labeling.
are initialized with the weights and biases from pre-trained VGG-M [53] . The networks are then re-trained by using cross entropy loss function with Adam optimizer [54] . Minibatch training [55] is also used with an initial learning rate of 0.0001.
After the initialization phase, the tracker will track corresponding B t by choosing the best matched bounding box among the prediction boxes, S predict = {s 2 ). The best matched bounding box is then assigned as the tracker output, which will be used to update the appearance model as discussed in [56] . However, for the regressor input feature, the top-K best matched bounding boxes are selected based on the tracker network scores. The scores represent the probability of the bounding boxes belong to the respective foreground and background classes. However, only foreground scores are utilized to rank S predict because of low accuracy background scores. Let P i = {p i,fg , p i,bg } be the scores for s predict i and S top-K = {s top-K 0 , . . . , s top-K K } is the set of bounding boxes with the highest p fg . A set of feature points C = {c 0 , . . . , c K }, c i ∈ R 2 is then extracted as below
, s
2 ) (7) VOLUME 7, 2019 FIGURE 7. Samples of h f →c i given that top-K with K = 2 for B H .
However, a point-based approach of height alone is not robust to various test subjects. Moreover, we should also consider some distance tolerance between the test subject and the camera. Hence, a ratio-based feature is selected as the input to deep belief networks regressors to solve the distance and height differences. Let R = {r 0 , . . . , r |C| } be the input ratio features to the regressor that measures ratios of the points with regards to the test subject height, h 0 as shown in Figure 7 . h f →c i is defined as the height from the floor up till a point c i .
The function of object trackers in the previous subsection is to track regions of interest, in which the resultant track points will be used to generate the input features to the regressors. In order to cater to a wider range of test subject's height, location features alone are not enough. Therefore, ratio features of the tracked points with respect to the test subject's height are then used as the regressor input features, which will be used to assess the knee angles. If a regression method is not used, the knee angles cannot be optimally estimated since the mappings from input ratios to the knee angles are not well established.
In this subsection, deep belief networks regressor of at least four hidden layers as proposed in [57] is used to assessed the squat angle. The feature vector R ∈ R l will serve as the regressor input and all hidden layers will have the same number of hidden nodes, which is equivalent to the number of input nodes. l is the number of features from previous tracking component and each feature have been normalized to [0, 1] . The networks will be trained by using Adam optimizer [53] with mean squared error loss function. Adam optimizer is chosen because of its ability to works well for sparse gradient and non-stationary cases. It uses an adaptive learning rate per parameter through moving average of the gradients and squared gradients. The other methods such as stochastic gradient descent optimizer [58] just relies on a fixed learning rate, while AdaGrad [59] optimizer does not work well if the accumulated gradient is too large and RMSProp [60] is not suitable for sparse gradient problem. Besides, Adam optimizer is also invariant to gradient rescaling, which is suitable for our knee angle assessor.
However, knee angle assessment based on a single regressor does not produce satisfactory angle measurement. This is because body movements in squat exercise are not entirely linear. The movements are mostly linear for the early bend period which is when the test subject standing upright. However, body movements during the lower bend period or deep squat behave non-linearly, which is caused by unstable trunk and ankle angles of the test subject. Most of the test subjects have difficulty in maintaining 90 • trunk angle and 0 • ankle angle as they perform the deep squat exercise. Thus, a different range of squat angle will require a unique regressor so that linear assumption can be used for that small range of knee angle. Therefore, multiple regressors approach is proposed in which different ranges of knee angle will be regressed by a different regressor. Figure 8 illustrates the algorithm flow for a set of m deep belief networks regressors of four hidden layers. Let G = {g 0 , . . . , g m } be the set of m-regressor, in which the selection of regressor is based on the average value of R.r
The regressors are trained offline and R features for each frame will be segregated and arranged according to its corresponding regressor according tor. Then, for each regressor i, the accumulated R i will be fed into its corresponding deep belief networks. All m regressors will be trained independently. The output range of each regressor is spread equally according to a width size of α m , where α is the smallest possible knee angle, which will be 0 • theoretically but experimentally, it is 33.8 • . Hence, each regressor will be trained to assess a certain range of knee angle, which is decided byr. During testing phase,r will also be used to select the corresponding regressor where the input features from tracking subsection will be passed to its deep belief networks to assess the knee angle. Therefore a knee angle will be measured and regressed for each tested frame.
IV. EXPERIMENTAL RESULTS AND DISCUSSION
This system is coded in Python with TensorFlow library and the networks are trained by using Nvidia Titan V on a Intel i9 9900K machine. The system is able to perform real time computation of the knee angles given the input from tracking features. τ +ve and τ −ve are set to 0.3 and 0.7, respectively, while the total number of positive and negative bounding box samples are set to 500 and 1000, respectively. Mean error angle,ê θ is used to measure the performance of the proposed squat angle assessment system. For each frame i, an error angle (e θ ) is calculated by finding the difference between the output angle, θ i and its ground truth angle, θ gt . N l represents the total number of tested frames.
Cross-validation of five-fold is used to validate the performance of all tests and hence, the ratio of test and training data is 4:1. The results are assessed and discussed according to three main parts; 1) selection of tracker, 2) selection of body parts of interest and 3) depth and total numbers of regressor.
A. SELECTION OF TRACKER
In this subsection, seven recent trackers are tested for squat angle assessment, which are MIL [61] , KCF [62] , TLD [63] , MedianFlow [64] , MDNet [65] , TCNN [52] and MMCNN [56] . There are three trackers that are based on convolutional neural networks (CNN) approach, which are MMCNN, TCNN and MDNet. All trackers are tested with similar setup by using a single deep belief networks regressor of four hidden nodes. The ratio features of head (R H ) and upper body parts (R U ) are concatenated to become input to the regressor. Table 1 shows the average knee angle error (kn) for all trackers.
Five trackers, which are TCNN, MIL, MedianFLow, MDNet and MMCNN has managed to track the bounding boxes of interest for every frame albeit with different accuracy levels. TCNN produces the best result with the lowest mean error angle of 11. 
B. SELECTION OF BODY PARTS OF INTEREST
This subsection goal is to find the best body region to be tracked for the squat angle assessment system. TCNN tracker has been selected based on its performance during tracker selection. The same setup as before is used with single regressor of three hidden layers. There are three configurations, which are the head H , upper body parts U and a combination of both head and upper body parts H + U . The results in Table 2 show that features with the most accurate squat angle prediction are by using both the head and upper body components. The mean error angle for tracking both body parts is 11.97 • , which is higher than head component alone with 12.16 • and upper body parts alone with 16.03 • . From our observation, some test subjects tilt their head down while doing the deep squat, which make the ratio features R less reliable. However, tracking the upper body parts alone also cause the same issue where the boundary between upper and lower body parts is not clear, especially when the test subjects perform the deep squat. The highest mean error in angle assessment is obtained by tracking the upper body part alone, which can be attributed to hand movements interference and big variations in trunk angle. Some test subjects have swung their arms while doing the squat exercise so that they can maintain their stance stability. It is also the same issue with trunk angle variations, in which some test subjects has leaned forward to stabilize themselves from falling down. Therefore, a combination of both features has produced the best R input for the regressor. This squat angle assessment will proceed with tracking the trajectory of both head and upper body parts as an input to the multiple regressors test.
C. DEPTH AND TOTAL NUMBERS OF REGRESSOR
In this paper, we have analyzed the regressor network's depth up to seven layers, while the maximum total number of VOLUME 7, 2019 FIGURE 9. Samples of knee angle measurement: 1) angles written in blue color are the ground truth values and 2) angles written in red color are the prediction angles from deep belief networks regressor. • . This range of more or less 30 • is acceptable, where a bigger total number of regressors will lead to an overfitting problem. Even more, a bigger total number of regressors (> 5) will also lead to a higher computational burden. Based on Table 3 , the lowest mean error angle of 8.64 • is obtained when a total of five regressors with five hidden layers each. A four-layer deep belief networks regressor returns a bigger mean error angle of 8.85 • for five-regressor configuration. Similarly, if we increase the network's depth to six and seven layers, the mean error angles will also be higher compared to the fivelayer configuration. Hence, given our training and testing data, the optimized configuration is achieved by using five sets of five-layer deep belief networks regressors.
The table also shows that an increment in the total number of hidden layers will generally improve the squat angle assessment performance until a certain depth. For a single regressor, deep belief networks depth does not play much importance as the error remains stable regardless of the number of hidden layers. However, a decrement in error trend is observed when a higher total number of regressors are used. For a total number of five regressors, an increment in networks depth more than five will lead to higher mean error angle. This is caused by overfitting issue in which the deeper networks do not carry much information due to a small number of features. Some output samples of the test video are shown in Figure 9 . Overall, an error angle of less than 10 • is acceptable for the most squat angle assessment applications. Moreover, we also need to consider around 5 • tolerance angle due to human error during ground truth annotations.
Besides that, we have also tested other methods of regression analysis from scikit-learn module [66] to verify the importance of our proposed deep belief networks regressor. The same input features are used to benchmark five other regressors by using TCNN tracker that tracks both head and upper body parts of the test subject. Results in Table 4 shows performance comparison of five benchmarked regression methods compared to the proposed deep belief networks regressor. The lowest mean error angle is achieved by using deep belief networks regressor with 8.64 • followed by support vector regressor with 9.62 • . The other four regression methods, which are linear, Bayesian, ridge and Lasso are less accurate with mean error angle of 12.59 • , 12.59 • , 12.61 • and 12.73 • , respectively. Hence, the usage of deep belief networks has produced the best knee angle assessor with the lowest mean error angle for squat exercise.
Apart from knee angle assessment for squat exercise, the proposed technique is also suitable for the application in other physiotherapy activities such as barbell training and lower limb exercise. In barbell training, a light training bar needs to be lifted above the patient's head where the hand movements can be tracked to assess the lifting angle. The same method can be applied to lower limb exercise, which requires a patient is required to lift his leg upward while laying down on the floor. The lifting angle can be estimated by tracking the knee position to assess exercise quality. The proposed technique is also applicable to load compression test, in which the allowable force can be assessed by tracking the depth of the compressed material. Besides, it also suitable for robotic application that requires angle assessment of its end effector devices.
V. CONCLUSION
In conclusion, a video-based squat angle assessment has been successfully developed for knee angle measurement. The developed system does not require much interference from the user except for the first frame bounding box, which needs to be taken in an upright posture condition. The experimental results show that the best setup is obtained by using modified TCNN that tracks both the head and upper body parts independently. Ratio-based features from the trackers are then fed to a set of five regressors with five hidden layers each to produce the lowest mean error angle of 8.64 • . This system is suitable to be used in rehabilitation monitoring applications that require the patients to be aware of their squat depth by notifying the knee angle bending continuously. The system can be further improved by using point-based tracker to track various parts of the body instead of just the head and upper body parts. Other types of regressor can also be explored to improve the knee angle measurement.
